Integrated analysis of genomic and transcriptomic level changes holds promise for a better understanding of colorectal cancer (CRC) biology. There is a pertinent need to explain the functional effect of genome level changes by integrating the information at the transcript level. Using high resolution cytogenetics array, we had earlier identified driver genes by 'Genomic Identification of Significant Targets In Cancer (GISTIC)' analysis of paired tumour-normal samples from colorectal cancer patients. In this study, we analyze these driver genes at three levels using exon array data -gene, exon and network. Gene level analysis revealed a small subset to experience differential expression. These results were reinforced by carrying out separate differential expression analyses (SAM and LIMMA). ATP8B1 was found to be the novel gene associated with CRC that shows changes at cytogenetic, gene and exon levels. Splice index of 29 exons corresponding to 13 genes was found to be significantly altered in tumour samples. Driver genes were used to construct regulatory networks for tumour and normal groups. There were rearrangements in transcription factor genes suggesting the presence of regulatory switching. The regulatory pattern of AHR gene was found to have the most significant alteration. Our results integrate data with focus on driver genes resulting in highly enriched novel molecules that need further studies to establish their role in CRC.
Introduction
There is a wealth of information at omics level that associates cytogenetics and gene expression changes leading to colorectal cancer (CRC). The integration of gene expression and copy number (CN) data to identify DNA CN alterations that induce changes in the expression levels of the associated genes is a common task in cancer studies [1] [2] [3] . The central dogma of molecular biology has thus been addressed at two important levels. There have been many reports providing evidence of changes at the genome level in the form of copy number aberration [4] , single nucleotide polymorphisms, loss of heterozygosity that attempt to understand the molecular events associated with colorectal cancer. These somatic or hereditary changes have different mechanism of contributing to initiation and progression of CRC. Loss and gain of crucial chromosomal regions leading to deletion or amplification of cancer related genes has been very well established. The functional significance of these molecular events has been measured using different tools and algorithms. Genes targeted by somatic copy-number alterations (SCNAs), in particular, play central roles in oncogenesis and cancer therapy [5] . Several tools have been made available to assess the potential of genes that get affected by SCNAs in causing colorectal cancer. 'Genomic Identification of Significant Targets in Cancer' (GISTIC) tool has successfully been used in identifying 'driver SCNAs' based on the frequency and amplitude of observed events [6, 7] . The second aspect of changes happening in tumour cells is at the transcription level. Differential expression analysis has been carried out to find out important genes playing a role in causing colorectal cancer. There could be several mechanisms by which the SCNA affected genes exert their effect at functional level. Amplifications and deletions in the genomic region are reflected in the transcript levels and could be detected by carrying out expression microarray based studies. By employing exon arrays, we gain extra dimension of the events happening at the exon level, which may lead to alternative splicing resulting in different gene isoforms. Alternative splicing is a crucial step in the generation of protein diversity and its misregulation is observed in many human cancer types [8] .
The quest to explore the relationship between copy number changes and the expression level of affected genes/exons has received limited success owing to a number of reasons [9] . Technological improvements in the array design for cytogenetics as well as transcriptomics have improved the accuracy and precision of the data generated. Combining this with better analytical techniques and algorithms, possibilities of finding target genes responsible for causing colorectal cancer has further increased.
Past few decades have seen a quest for finding novel genes that can serve as therapeutic targets or biomarkers. However, genes or proteins do not function alone but interact with each other to form networks or pathways so as to carry out biological functions [10] . Network-based approaches to finding biomarkers more closely represent in vivo molecular biology where a perturbation in one gene may affect many downstream genes. Cancer has thus been rightly addressed as a systems biology disease [11] as opposed to diseases caused by changes in few genes or mutations. Reconstructing gene regulatory networks in healthy and diseased tissues is therefore critical to understanding cancer phenotypes and devising effective therapeutics [12] .
With the availability of tools and techniques to capture the molecular changes happening at different stages of the central dogma with increased precision and accuracy, we are yet to develop an integrated comprehensive picture that could help us in finding better targets for colorectal cancer. In the present study, we aim to integrate the information from the cytogenetic analysis with the exon level expression data using paired normal-tumour samples from colorectal cancer patients. A set of driver genes suggested by GISTIC analysis (termed as 'driver genes' from now onwards) were queried at gene, exon and network level. Both DNA and RNA for cytogenetics and transcriptomic studies, respectively, were extracted from the same tissue in a single workflow to minimize variation. This study provides evidence for A)The entire analyses is categorized into fours stages from 'Data Generation' to 'Network Analyses'. B) Analysis strategy using different programs is displayed in this diagram. There are three components of the analysis -Gene, Exon and Network handled by different programs. Gene level analyses are conducted using 'Affymetrix, Expression/Transcriptome analysis console' and 'Tibco Spotfire'. Exon level analysis is carried out by 'AltAnalyze' and 'Affymetrix power tools'. Network analyses employed 'GENIE3', 'IPA' and 'Cytoscape'. 'Nexus Copy Number' is a program used in earlier studies to eventually generate a list of 144 driver genes. doi:10.1371/journal.pone.0110134.g001 explaining different possible mechanisms by which SCNA affected driver genes can exert their functional effect. A subset of driver genes were found to show gene level changes in expression. Most of these genes also indicated the exon level changes resulting in the formation of different isoforms. Network of GISTIC genes showed a clear shift in the transcription factors (TF) regulation. ATP8B1 gene was found to have novel association with colorectal cancer at cytogenetic, gene and exon level.
Materials and Methods
The study is approved by the ethics committee and Institutional Review Board (IRB) of King Abdullah International medical Research Center after due review process of the ethical aspects of the proposal. The necessary procedural and ethical consent forms were signed by each patient prior to sample collection.
Sample collection and RNA extraction
Sample collection was done as described previously [13] . The type and stage of all patient samples are provided in Table S1 . The study was approved by institutional review board after the due process. Patients were consented and the records maintained in an approved manner. RNA was extracted from the same piece of tissue that was used to extract DNA for cytogenetic studies in a single workflow. Maceherey Nagel trio prep kit (Germany) was used to extract DNA and RNA in the same protocol. Quality and quantity was checked using Nanodrop (Thermo Fisher Scientific, USA).
Exon microarray
GeneChip Human Exon 1.0 ST Arrays along with WT Terminal Labelling and Controls Kit and Hybridization, Wash, and Stain Kit were obtained from Affymetrix USA. Ambion WT Expression Kit was obtained by Ambion, USA. 31 Tumour and 29 normal samples from 32 patients were processed. The data was extracted using Expression Console software from Affymetrix, USA. Quality control was carried out using Principal Component Analysis (PCA) and Integromics biomarker suite (TIBCO spotfire). All the data is deposited in GEO database with an accession number GSE50421.
Data Analysis
Before carrying out any gene/exon level analysis, principal component analysis (PCA) was done to identify outliers. Data from 4 normal samples and 7 tumour samples was subsequently removed.
Data analysis specifically with driver genes
Gene level analysis. For checking expression levels of 144 driver gene list generated by GISTIC analysis (13), we employed two different softwares -Expression console and AltAnalyze [14] . Two different softwares were used to confirm our results using independent methods. Signal estimates were derived from the CEL files of 60 samples (29 normal and 31 tumour) using Robust Multi-Array Average (RMA) for normalizing the data. The core exon-level probe sets were used to summarize the gene expression levels.
The same list of 144 driver genes with expression values calculated using 'Altanalyze' was used for inference based (GENIE3) pathway/network analysis.
Exon level expression analysis. Altanalyze program was used to evaluate alternative splicing in driver genes. The raw data was filtered to remove probe sets that were considered to be nonexpressed. A splicing score for filtered exons was calculated using splicing index method and exon/intron/splicing annotation were assigned to these results. A splice index p-value cut-off of ,0.05 was used to filter alternative exon results. AltExonViewer -a component of Altanalyze and DomainGraph -a Cytoscape plugin were used to visualize splice index values and alternatively spliced exons. The splicing index (SI) value was calculated as described in [15] . Briefly, SI is log 2 ratio of normalized intensities of tumour and normal samples. In our analysis 'sample 1' in the numerator was normal and 'sample 2' in the denominator was tumour.
Causal network analysis. For network analysis, knowledge and inference based approaches were used. For inference based approaches, GENIE3 [16, 17] was used to generate gene regulatory networks for tumour and normal samples. To generate the network, driver genes were classified as TF genes and target genes. Although 1000 interactions were inferred for each of the group, an interaction score.0.1 was chosen as a cut-off value. Using this information the regulatory networks were independently inferred for tumour and normal samples using Cytoscape.
Data analysis with entire probeset
Integromics Biomarker Discovery Suite. In order to find differentially expressed genes in our dataset, without any prior bias, data from CEL files was analyzed using the Integromics software (TIBCO Spotfire, USA) pipeline for affymetrix exon 1.0 ST arrays. Quantile normalization was done after removing the outliers using PCA. Both Significance Analysis of Microarrays (SAM) and Linear Models for MicroArray data (LIMMA) analyses was carried out with a cut-off of 0.01 for adjusted p-value and fold change of.1 or ,21. Two different yet complimentary methodologies were used to make our results more confident. Gene ontology enrichment was carried out on a list of 760 differentially expressed genes obtained from LIMMA analysis.
Ingenuity pathway Analysis. List of 760 genes from SAM/ LIMMA analysis done using Integromics was used to perform 'core' and 'biomarker' analyses. Core analysis was done as described before [13] . For biomarker analysis following filters were used: Consider only molecules where (species = Human) AND (tissues/cell lines = KM-12 OR HCT-116 OR RKO OR Colon Cancer Cell Lines not otherwise specified OR COLO205 OR HT29 OR HCC-2998 OR HCT-15 OR SW-480 OR Other Colon Cancer Cell Lines OR Tissues and Primary Cells not otherwise specified OR SW-620) AND (diseases = Cancer) AND ((biomarker applications = All Biomarker Applications) AND (biomarker diseases = colon cancer OR colon carcinoma OR colon neoplasm OR colorectal adenoma OR colorectal cancer OR colorectal carcinoma)).
Results
The analysis strategy leading to following results is illustrated in Figure 1a&b .
A small subset of genes identified by GISTIC show a significant change in expression level. We studied expression patterns of driver genes at gene level using AltAnalyze and Expression Console softwares. These analyses produced complimentary results and yielded a list of 20 genes that were found to have a significant fold change of greater than 2 and a p-value , 0.01 [ Table 1 ]. 9 genes experienced a down regulation. BCAS1 with highest GISTIC score of 5.323 was among the most significantly downregulated genes. 11 genes showed an upregulation with IL6 and INHBA showing the highest fold change [ Figure 2a (AltAnalyze), 2b (Expression Console)]. Fold change values of all 144 driver genes are given in Table S2 .
Three significantly down regulated genes (BCAS1, ABP1 and AGR3) were found in amplified regions of the genome whereas upregulated HTRA1 was found mostly in regions of loss. These genes experienced a change in their transcription factor in tumour and normal samples [ Table 2 ].
Differential expression analysis using tumour-normal paired sample data of exon arrays from 32 patients was carried out. After removing outliers using PCA [ Figure 3 ], 25 normal and 24 tumour samples were found suitable for further analyses. We employed non-parametric (SAM) and parametric (LIMMA) methods and found complimentary results. 6242 genes were differentially expressed with adjusted p-value of ,0.01. 760 genes were found to be differentially regulated (fold change.1or ,21) of which 15 genes were common with driver genes from GISTIC analysis [ Figure 4a -c and Figure S1 ]. BCAS1, AURKA, ATP8B1, IL6 and INHBA were the differentially regulated genes found to be among the top scorers in list of driver genes.
Significant changes in isoform expression is exhibited by genes identified by GISTIC analysis. Exon level analysis of 144 driver genes was carried out. 29 exons belonging to 13 genes were shown to have significant changes in isoform expression as reflected in their splice index scores [ Table 3 Table 4 ]. CHAF1A, AHR, PRPF4B, ZNF200, SMAD2, RUVBL1, SMAD4, TSHZ1, CTCFL and CEBPE were among the top influencers. The regulatory hierarchy between these groups changed with respect to TFs. While RUVBL1 transformed into a master regulator in tumours, TSHZ1 has lost its capacity to master regulate other genes in tumours [ Figure 6a ]. Significant rearrangement in modularity is also observed between these two groups. More target genes function as modules in tumours as observed in modules regulated by AHR, CHAF1A and PRPF4B. Further, there is significant regulatory crosstalk among the genes in the normal group [ Figure 6b ]. While the tumours have lost the scale-free properties in its regulatory interaction, normal group exhibit approximate scale-free out degree distributions, signifying the potential of TF to regulate host of target genes. The tumours do not show this type of regulation which indicate unidirectional feed forward regulatory mode.
Functional analysis of differentially expressed genes confirms their role in colorectal cancer and reveal important pathways and biomarkers. Gene Ontology enrichment of 760 differentially expressed genes obtained from SAM/LIMMA analyses showed cell division, mitosis and cell adhesion to be the most significant biological processes affected [ figure S3 ]. Ingenuity pathway analysis of 760 genes showed cancer and gastrointestinal disease among the top functions followed by cellular movement growth and proliferation [ Figure 7a] . NF-kB signalling, cell cycle G 2 /M DNA damage checkpoint regulation, colorectal cancer metastasis were among the top scoring pathways followed by agranulocyte adhesion [ figure 7b ]. TGFB1 was among the top upstream regulators. Network analysis suggests MYC, MMP and IL6 genes as important nodes [Fig 7c-e] . Biomarker analysis reveals 28 molecules relevant for colorectal cancer [ Table 5 ]. INHBA, CLDN7 and MUC4 were eligible as biomarkers and are common with GISTIC, SAM and LIMMA analyses results. 
Discussion
In this study we attempt to understand the transcription level changes in driver genes affected by SCNAs in colorectal cancer. We queried these genes from three perspectives using gene/exon/ network level analysis tools. Our integrated analysis at genomic/ transcriptomic levels resulted in finding genes of high priority that can be experimentally studied to establish their role in colorectal cancer. Functional significance of differentially expressed genes confirmed the outcome of our analyses.
Due to the unavailability of high resolution cytogenetic arrays large size of chromosomal regions were implicated in causing colorectal cancer through copy number changes. The commercial SNP genotyping arrays focus on variants that are present in 5% or more of the population and feature a limited number of CNV probes. Therefore, sub microscopic structural variants are poorly captured by available SNP genotyping arrays that were designed to evaluate SNPs. The recent introduction of the Affymetrix CytoScan HD Array (CNV-targeted array), which is based on the validated Genome-Wide Human SNP Array 6.0 and contains more than 2.6 million markers for copy number variants and approximately 750,000 SNPs, has enabled the detection of copy number aberrations with high resolution across the genome [18] .
Data from this platform was used to obtain the list of driver genes which could thus be considered to be most precise and accurate. Earlier, results from different groups often lead to a high level of discordance with an overlap of ,5% in some cases. GISTIC analysis was able to address this issue and differentiate between passenger and driver mutations with a high level of precision and accuracy [6] . The correlation between expression and CN data is very complex [19] and is very much affected by the type of platform used for generating the data as well as the analysis strategies. Our analysis strategy aimed at reducing the confounding factors. We extracted DNA/RNA from the same piece of tissue in a single protocol [20] . We used matched paired tumournormal control which is arguably the best way to do a comparative study [21] . Several approaches have been employed for cancer gene prioritization by integrative analysis [22, 23] . We employed a modified two-step approach by filtering the cancer genes using GISTIC and then carried out exon expression analysis.
Gene Level. The effect of chromosomal changes is not always direct. Global amplification at genomic level would result into higher level expression of selected genes [9] . Our gene level analysis showed only 20 of 144 driver genes to experience significant change at transcription level. 5 of these genes were listed among the top scoring driver genes. Our results correlate focal amplifications with increased expression levels and have been reported earlier using array CGH (aCGH) for FGFR2, GNAS and AURKA genes [24] . With an average amplicon size of 4.56 Mb, it could be misleading to report all affected genes/non-coding regions to be associated with CRC. FAM46C, EGFR2 and IL6 genes from our analysis have also been listed in the updated cancer gene census [5, 25] . BCAS1 gene that scored the highest in the GISTIC analysis was earlier reported to undergo alternative splicing and downregulation [26] which is consistent with our results. Upregulation of human SLC7A11 mRNA in stromal fibroblast cells from liver metastases is associated with metastatic colorectal cancer in human [27] . PTP4A3 reported to be significantly upregulated in this study has recently been implicated in colon tumorigenesis [28] . ATP8B1 is the gene that has not yet been reported to have any association with colorectal cancer and would be an important molecule for further studies.
Our differential expression analysis of tumour and normal exon array datasets using two independent tools (SAM and LIMMA) showed an overlap of 15 genes with the driver genes. Analysis of. 44,000 probes resulting in differentially expressed genes provide an unbiased approach and lends further confidence in the list of overlapping genes. Both LIMMA and SAM approaches generated same results at the functional level as evidenced by Ingenuity Pathway Analysis (IPA).
ABP1, AGR3 and BCAS1 showed downregulation despite amplification at the genome level. This is supported by earlier studies for BCAS1in MCF7 cell line [29] . We observed that the influence of SMAD4 transcription factor was lost in tumour cells and may be responsible for this observation. Similar changes in transcription factors was observed for two other genes indicating the switching behaviour as discussed below.
Exon Level. Exon level analysis for measuring gene expression changes is challenging but rewarding. Even the improved algorithms have limitations in providing absolute quantification of the transcript levels. Earlier methods have found exon level data to be more informative about the nature and level of transcripts [30] . Now with the knowledge that more than 90% of all genes undergo alternative splicing to produce more than one transcript for a gene, the potential of exon level data is being realized more than ever [31] [32] [33] . Gene centric approach for carrying out integrated analysis using aCGH and exon array data has yielded more of confirmatory results and lack the use of full potential of whole genome arrays [34] . FGFR2 gene was shown to be amplified and upregulated which is misleading due to the truncated form of FGFR2. Wt FGFR2 gene was not measured and hence could not be compared with our study [34] .
Exon level studies in colorectal cancer have been few and carry several limitations in terms of data analysis. Many of these studies compared tumour and normal from different sources [35] . Our results show a subset of differentially expressed genes to experience change in splicing pattern. 29 exons belonging to 13 genes showed significant splice index (SI) and MiDAS p-values. Both the values are strong indicators to measure alternative splicing. MUC4 is very well known to undergo alternative splicing and cause cancer [36] but the alternative splicing of IL6 is novel in association with CRC. ADAM12 that scored a high SI value has been implicated earlier in lung cancer [37] . 5 genes (ACTN1, CALD1, SLC3A2, CTTN and FN1) reported earlier as differentially spliced [38] have been found in the our study as well which used a different analysis strategy. ANK3 is known to use alternative transcription start sites in colorectal cancer [8] and could also be the mechanism for other gene MYLK for which we did not see a significant change in gene level expression.
Network Level. Pathways analysis has been used to measure the relevance of the genes affected by CNAs by creating networks among them [1] . However, these networks are limited in their useful interpretation owing to the absence of directionality. Our causal network analysis provides more useful information on the genes involved in these networks. We observed a significant difference in the number of target genes between tumour and normal. In case of genes found in the amplified region but were downregulated we observed a loss of the transcription factor regulation, whereas in the upregulated gene found in the deleted region there was a switch in the transcription factor. From the list of driver genes we chose the transcription factors and studied their change in behaviour in tumour samples. AHR has been established as a tumour suppressor gene in colon and other cancers [39] . This study further explains the enhanced role of AHR by the increased number of outbound (target) genes in tumour. Our study provides evidence that TSHZ1 loses its role as master regulator in normal cells while RUVBL1 assumes that role. These provide interesting opportunities for mechanistic studies of network/pathways affected in CRC. It has been envisaged through integrated studies that many different genomic alterations potentially dys-regulate the same pathways in complex diseases [40] . Further studies of the regulatory level changes in this study will be able to establish this concept in CRC.
Functional role of the differentially expressed genes and the identification of MYC, MMP and IL6 as important nodes in the affected networks provide leads that need to be validated to Figure 7 . Core Analysis of Differentially Expressed Genes using IPA. Core analysis using IPA was carried out using set of 760 genes that were differentially expressed in tumour samples. Important biological functions (a) pathways (b) and networks (c-e) were revealed by this analysis. doi:10.1371/journal.pone.0110134.g007 establish their association with CRC. Biomarkers, especially MUC4 will be an important molecule to study mechanistically and establish their use in clinical studies. This study provides wealth of analyzed data and an enriched list of genes that can serve as potential clues to understand the biology of colorectal cancer. Figure S1 Significance of Microarray analysis. SAM analysis was performed using Integromics biomarker discovery suites on all samples. The results were complimentary to LIMMA analysis as reflected in the number of differentially expressed genes.
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(TIF) Figure S2 Splice index and exon expression plots for remaining 11 genes. Splice index and exon expression values of all 13 genes that were found significant among the driver genes were plotted. Comparison of 'Normal' and 'Tumor' samples is depicted to observe the change in splice index as well the expression pattern at exon level.
(DOCX) Figure S3 Biological processes enrichment chart for differentially expressed genes. This bar plot shows the differentially expressed genes (as obtained from Integromics) are enriched in three functions viz., cell division, mitosis and cell adhesion.
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